ABSTRACT Goss's bacterial wilt and leaf blight is one of the most important foliar diseases of maize (Zea mays L.). To date, neither large-effect resistance genes, nor practical chemical controls exist to manage the disease. Thus, the importance of discovering durable host resistance necessitates additional genetic mapping for this disease. Unfortunately, because of the biology of the pathogen and the highly significant genotypeby-environment interaction effect observed with Goss's wilt, consistent phenotyping across multiple years poses a hurdle for genetic studies and conventional breeding methods.
S
ince its discovery in 1969, no source of complete genetic control has been identified for Goss's bacterial wilt and leaf blight. The disease, caused by the grampositive bacterium Clavibacter michiganensis subsp. nebraskensis (Cmn), produces foliar blight lesions and vascular wilt symptoms in susceptible maize varieties (Schuster, 1975) . The bacterium overwinters in infected crop residue on the soil surface, where it relies on splashing rain for dissemination (Schuster, 1975) . The pathogen is nonmotile (Vidaver and Mandel, 1974) and most likely to infect through wounded or damaged tissue; however, disease development has been observed in unwounded plants under high humidity conditions (Mallowa et al., 2016 ).
Goss's wilt is endemic from Louisiana, USA, to Alberta, Canada (Howard et al., 2015; Jackson et al., 2007; Singh et al., 2015) . Yield losses >40% have been observed in susceptible maize hybrids as a result of Goss's wilt (Carson and Wicks, 1991 ). An estimated 12.7 billion kg of maize were lost to Goss's wilt in the United States and Canada between 2012 and 2015, making it the fourth most severe disease during this period behind northern corn leaf blight, gray leaf spot, and Fusarium stalk rot (Mueller et al., 2016) . Cultural, chemical, and genetic control strategies have all been employed to curb Goss's wilt occurrence; however, no chemical control methods have been shown to decrease Goss's wilt occurrence at a statistically significant level (Mehl et al., 2015) .
As with many plant pathogens, genetic resistance remains one of the best control strategies. Linkage mapping, which uses populations derived from controlled crosses to identify quantitative trait loci (QTL) associated with a trait of interest, has been used to identify several regions of the maize genome associated with Goss's wilt resistance. Singh et al. (2016) conducted joint linkage mapping for Goss's wilt resistance in three recombinant inbred line populations (B73×Oh43, B73×HP301, and B73´P39). Using these populations, 19 putative QTL on all chromosomes excluding eight were identified; however, the effect size of each QTL was small and none contributed >6% of the total observed phenotypic variance (Singh et al., 2016 ). An evaluation of the intermated B73 × Mo17 population identified seven putative QTL on chromosomes 1, 2, 5, 7, 8, and 10, both confirming Singh et al.'s findings and presenting the first report of a Goss's wilt QTL on chromosome 8 (Cooper et al., 2018) . The QTL on chromosome 1 overlaps with the known multiple disease resistance locus qMDR1.06, which has been associated with reduced severity of Stewart's wilt, northern leaf blight, southern leaf blight, and a number of other maize diseases (Chung et al., 2010; Jamann et al., 2014; Wisser et al., 2006) .
Another method of genetic mapping is association mapping, which takes advantage of historical recombination to identify markers in linkage disequilibrium with a trait of interest (Myles et al., 2009 ). The diverse subpopulations of maize, including stiff stalk, nonstiff stalk, popcorn, sweet corn, tropical, and mixed varieties, offer high allelic diversity that can be unlocked by association mapping (Flint-Garcia et al., 2005) . In addition, high heritability has been reported for Goss's wilt resistance (Schaefer and Bernardo, 2013; Singh et al., 2016) . This makes Goss's wilt ideal for the multi-year, multi-environment trials required for association mapping. When a GWAS for Goss's wilt was conducted on a panel of historically important maize lines from Minnesota, nine significant associations were identified (Schaefer and Bernardo, 2013) .
Ideally, favorable alleles of the QTL identified for Goss's wilt resistance in maize could be directly incorporated into maize breeding programs via marker-assisted selection (MAS). However, given the absence of simply inherited resistance genes for Goss's wilt and the lack of large-effect QTL, the use of MAS is not ideal for this disease. The genetic architecture for Goss's wilt appears to be polygenic in nature, consisting of multiple loci, each with a small effect (Cooper et al., 2018; Schaefer and Bernardo, 2013; Singh et al., 2016) . To effectively account for these multiple small-effect loci in a breeding program for resistance to Goss's wilt, the efficacy of GS needs to be explored.
Using genome-wide molecular markers to predict the phenotypic value of an individual based on all genotypic effects (Meuwissen et al., 2001) , GS is based on the theory that quantitative traits are highly polygenic and thus their variation is best captured by the modeling of all genomewide markers. If the genetic variance can be explained by the available marker data, then it becomes possible to quantify the additive contribution of numerous, small effect loci to the phenotypic variation (Goddard and Hayes, 2007) . If a sufficiently large correlation between the actual trait values and the genomic estimated breeding values (GEBVs) are observed across all prediction subsets, then GS can be used to immediately and significantly increase selection gains per unit time and expedite the breeding cycle (Heffner et al., 2010; Wong and Bernardo, 2008) .
Genomic selection has been used with varying success for a number of plant diseases, most notably for modeling resistance to wheat stem rust (Poland and Rutkoski, 2016; Rutkoski et al., 2011) . It was estimated that a prediction accuracy of 0.56 to 0.62 could reduce breeding cycles in wheat (Triticum aestivum L.) by up to twofold (Rutkoski et al., 2011 (Rutkoski et al., , 2012 . Similar studies using GS for Fusarium head blight resistance (FHB) of wheat and barley (Hordeum vulgare L.) found prediction accuracies between 0.41 and 0.68 using k-fold cross-validation (Lorenz et al., 2012; Rutkoski et al., 2012) . Lorenz et al. (2012) found genomic predictions comparable to observed phenotypic means and estimated that the cost of phenotyping for FHB was four times the cost of genotyping.
In maize, GS has been evaluated for improvement of resistance to several major pathogens including Gibberella ear rot, northern corn leaf blight, southern corn leaf blight, and gray leaf spot. Riedelsheimer et al. (2013) used GS to predict disease severity of Gibberella ear rot and deoxynivalenol concentration in five double-haploid families. Validation was high within full-sib families (0.65-0.70) but was lower for both severity (0.25-0.60) and deoxynivalenol concentration (0.05-0.70) when comparing across families (Riedelsheimer et al., 2013) . A study by Technow et al. (2013) evaluated the use of GS to predict northern corn leaf blight severity. Two distinct maize inbred heterotic groups were examined-dent and flint-from the University of Hohenheim breeding program. Validation within each group was high (0.64-0.71) but when attempting to predict GEBVs across heterotic groups, this accuracy dropped sharply (0.11-0.29) (Technow et al., 2013) . In an evaluation of the nested association mapping populations, southern corn leaf blight displayed a prediction accuracy of 0.50 to 0.52 (Bian and Holland, 2017) . However, in that same population, the prediction accuracy of gray leaf spot was only 0.22 to 0.25 (Bian and Holland, 2017) . This study shows that GS may not be equally effective for all diseases.
Goss's wilt is a strong candidate for GS for a number of reasons. The genetic architecture of Goss's wilt resistance is polygenic and no large-effect loci have been identified (Cooper et al., 2018; Schaefer and Bernardo, 2013; Singh et al., 2016) . Additionally, the inoculation of Goss's wilt represents a significant challenge in obtaining accurate and consistent phenotypic data. Phenotyping for Goss's wilt is labor intensive. The nonmotile nature of the pathogen necessitates individual wounding and application of inoculum to each plant, which also increases the error observed within the experiment. In areas where Goss's wilt has not yet spread, an accurate genomic prediction model would allow screening of future commercial lines without the risk of introducing Goss's wilt to the local community.
The combined use of association mapping and genomic prediction may offer the best strategy for identifying loci associated with Goss's wilt resistance and testing whether populations can be improved using GS. Statistically significant QTL identified using association mapping would offer insight into the genetic mechanisms governing resistance, while GS would increase the efficiency of breeding for resistance in the absence of large-effect QTL. The objectives of this study were to (i) perform a GWAS on the Goodman maize diversity panel to identify putative Goss's wilt quantitative trait nucleotides and (ii) test the accuracy of GS for population improvement to Goss's wilt.
MATERIALS AND METHODS

Field Design
The Goodman maize diversity panel (Flint-Garcia et al., 2005) 
Phenotyping
The Cmn strain 16Cmn001 was maintained in glycerol stocks stored at −80°C for use in the 2016 and 2017 field seasons. Inoculations were conducted as described in Cooper et al. (2018) . Briefly, single colonies were grown in nutrient broth yeast extract on a shaker at room temperature for 2 to 3 d. The final bacterial cell concentration was adjusted to 10 7 colony forming units (CFU) mL −1 using a spectrophotometer (OD 600 = 0.05), and the bacteria were suspended in 0.1M NaCl (Pataky, 1985) . Inoculations were performed twice, 1 wk apart, between the V4 and V7 stages using a modified pinprick inoculation method to simulate mechanical damage (Blanco et al., 1977; Chang et al., 1977) . Disease ratings were performed three to four times, approximately every 2 wk after initial inoculation using the methods described in Cooper et al. (2018) . Inbreds were scored on a per-plot basis using a 0-to-100% scale with 5% intervals meaning there were 20 possible rating categories (Cooper et al., 2018) . Ratings represented the total percentage of infected leaf area, with 0% representing no symptoms and 100% denoting complete plant death . Using the formula , where y i refers to individual disease scores, t i equals time between ratings, and n represents the number of investigations, the area-under-disease-progress curve (AUDPC) was calculated for each plot to represent disease progression throughout the season (Wilcoxson et al., 1975) . Days-toanthesis notes were taken on a plot basis, and the date was recorded when 50% of the tassels were shedding pollen.
Phenotypic Data Analysis
A log 10 transformation was performed on the raw AUDPC scores to normalize the data. For both the combined 2016 and 2017 data and separately within each year, mixed models were fitted in R/lme4 (Bates et al., 2015) and best linear unbiased predictors (BLUPs) were calculated. For the 2016 and 2017 combined dataset genotype, year, the genotype-by-year interaction, replication, and block were included in the model (Table 1) . All factors were fit as random effects. Variance components of significant factors in BLUP calculations were obtained using R/lme4 (Bates et al., 2015) . To account for a potentially large genotype-by-year interaction, BLUPs were also calculated for each year individually. For individual year analyses genotype, replication and block were included in the model. Raw phenotypic data and BLUPs are available in Supplemental File S1. Heritability was calculated using variance component estimates from the same model fitted to the combined 2016 and 2017 data, using the PROC MIXED function in SAS software (version 9.4; SAS Institute, 2013), as described by Holland et al. (2003) . The following equation was used to estimate heritability on an individual plot basis:
where is the genotypic variance component, is the genotype-by-year interaction, and is the experimental error variance. Similarly, the following equation was used to estimate the heritability on a line-mean basis:
where e is the harmonic mean of the number of environments and r is the number of replications. Pearson's correlation coefficients were obtained using the PROC CORR function in SAS software (version 9.4; SAS Institute, 2013).
Association Mapping
Three independent association-mapping analyses were run: one for the combined 2016 and 2017 dataset and one for each individual year. The combined Goss's wilt BLUPs across 2016 and 2017 were used for the multiyear analysis, while the BLUPs calculated for each individual year were used for the single-year analyses. The genotype-by-sequencing (GBS) SNPs, the Illumina MaizeSNP50 BeadChip (55K), and the 4K SNP marker set available on the Panzea database (4K) were combined and used in this analysis for a total of 416,376 markers (Cook et al., 2012; Romay et al., 2013; Zhao et al., 2006) (genotypic data available at http://www.panzea. org) A compressed unified mixed linear model (Zhang et al., 2010) was implemented in the R package Genome Association and Prediction Integrated Tool (Lipka et al., 2012) . Principal component analysis was conducted by Lipka et al. (2013) using 34,368 nonindustry SNPs from the Illumina MaizeSNP50 BeadChip 55K marker set. The industry-derived 55K SNPs have a severe ascertainment bias between B73 and Mo17; therefore, the genetic distance between B73 and Mo17 (and related lines) will be overestimated (Ganal et al., 2011) . Thus, we used the unbiased set to calculate relatedness between the lines. To account for population substructure at an appropriate level, Bayesian information criterion (Schwarz, 1978 )-based backward elimination was used to select between zero to three of these first three principal components to include as fixed-effect covariates in the model. A kinship matrix to account for relatedness between the inbreds was derived in GAPIT using the 34,368 nonindustry SNPs from the Illumina MaizeSNP50 BeadChip 55K (Lipka et al., 2013) . The Benjamini and Hochberg (1995) procedure was used to control the false discovery rate (FDR) at 10%; thus, any SNPs with FDR-adjusted P-values of £0.10 were declared to be significantly associated with resistance to Goss's wilt. Manhattan and quantilequantile plots were created in R/qqman (Turner, 2014) using the GWAS results from GAPIT.
Genomic Prediction
Ridge regression best linear unbiased prediction (RR-BLUP) was performed using the rrBLUP package (Endelman, 2011) in R version 3.3.2 (R Core Development Team, 2016) using the BLUPs calculated for the combined year analysis. In RR-BLUP, a mixed linear model is fit in which all markers are considered random effects (Meuwissen et al., 2001; Whittaker et al., 2000) . Each marker contributes an additive effect equal to the genetic variance divided by the total number of markers. Additionally, zero covariance between markers is assumed. Using RR-BLUP, GEBVs are predicted by estimating marker effects from a training population and then multiplying the effects of each marker by the prediction genotype to approximate phenotypic breeding values (Whittaker et al., 2000) .
The 55K marker dataset, filtered to include only markers with a minor allele frequency >0.05, was used for genomic prediction. We used this genotypic dataset because the full set of GBS SNPs required additional computation time but was not necessary to achieve high prediction accuracy as shown in previous studies (Cao et al., 2017; Gowda et al., 2015) . A fivefold cross-validation scheme with 100 iterations was used to generate the training and prediction populations. For each iteration, the prediction accuracy was calculated using the formula . This represents the average correlation between the GEBVs and observed phenotypically estimated breeding values (PEBVs) across the five folds divided by the square root of the plot heritability (h 2 ). Subsets consisting of 100, 1000, 5000, 10000, and 25000 markers from the 55K marker dataset were randomly generated, and prediction accuracies across 100 iterations of a fivefold cross-validation scheme for each marker set were averaged to assess the impact of marker density and genomic prediction accuracy. Dunnett's (1955) multiple comparisons were performed between each marker density and the full 55K marker set using R/multcomp (Hothorn et al., 2008) , where the full 55K marker set was set to be the control.
A simple linear regression model was fitted using the lm function in base R version 3.3.2 (R Core Development Team, 2016) to plot the relationship between GEBVs and PEBVs with GEBV as the explanatory variable and PEBV as the response variable. The slope and intercept of this linear regression was used to estimate our prediction bias (Arruda et al., 2015; Zhang et al., 2014) .
RESULTS AND DISCUSSION
Characterization of Germplasm
The Goodman maize diversity panel is composed of temperate, tropical, sweet, and popcorn lines and encompasses 75% of the allelic diversity of maize (Romay et al., 2013) . The diversity panel had a wide range of disease scores, from 0 to 100% diseased leaf area (Fig. 1) . Severe Goss's wilt symptoms, including vascular wilt, foliar necrosis, stunting, lodging, and premature death were observed in susceptible lines. Moderately resistant lines displayed foliar lesions beyond inoculated leaves. Only highly resistant inbred lines lesions restricted to inoculated leaves.
Disease severity was compared between subpopulations within the diversity panel. Tropical and subtropical varieties displayed the highest levels of susceptibility to Goss's wilt (Fig. 2) . This is in contrast to northern corn leaf blight, where tropical materials tend to harbor resistant alleles . Stiff and nonstiff stalk lines, while moderately resistant on average, both displayed long tails of outlying susceptibility. While trends did exist, all subpopulations exhibited a wide range of resistant and susceptible phenotypes. Overall, nonstiff stalk maize lines were the most resistant to Goss's wilt. However, because of the large number of outliers in all subpopulations, it would be unwise to rule out identifying resistance alleles from any group. Disease severity was greater in the 2016 growing season than in the 2017 season. To assess reproducibility, Pearson's correlation coefficients were calculated between replications within and across years. Replications within 2016 had a correlation coefficient of 0.782 (P < 0.0001), and replications within 2017 had a correlation coefficient of 0.796 (P < 0.0001). The correlation coefficient between the 2016 and 2017 BLUPs was 0.584 (P < 0.0001). Hot and dry weather conditions during inoculations in 2017 may account for some of the differences observed between years.
Heritability was calculated using the method described by Holland et al. (2003) . For the 2016 and 2017 combined dataset, a plot heritability of 0.638 (standard error of 0.034) on an individual plot basis and a heritability of 0.782 (standard error of 0.028) on a line-mean basis were estimated. Previous studies have reported heritabilities for Goss's wilt ranging from 0.24 to 0.35 and 0.53 to 0.62, respectively (Cooper et al., 2018; Singh et al., 2016) . The highest heritability estimates have been observed in crosses between lines with diverse phenotypes (NgongNassah et al., 1992) . The high heritabilities calculated in this study indicate that a large proportion of overall variation for Goss's wilt within the diversity panel can be explained by genetic differences among individuals.
Association Mapping
The mixed model fitted to the combined 2016 and 2017 data revealed a large genotype-by-year interaction, which demonstrates that environmental conditions play a role in disease resistance (Table 1) . Therefore, we performed association mapping on both the combined and the individual year datasets. Despite the heritable nature of the trait and diversity of the population, no significant SNPs were detected in the combined or individual year datasets at 10% FDR (Fig. 3) . Additionally, no significant associations were found when analyses were conducted by subpopulation. The lack of statistically significant associations could be due to many factors, including the allelic diversity present in the panel, the range of resistance and susceptibility within each subpopulation, low minor allele frequencies, and a lack of linkage disequilibrium between tested markers and major-effect genes. While QTL may be present within the genome, their effect size may be too small to detect through conventional GWAS methods. Increased population size and marker density may allow for the detection of significant associations.
Maturity has been shown to play a role in Goss's wilt development. Two-week-old seedlings are the most susceptible, and plants are increasingly resistant as they mature (Calub et al., 1974) . The diversity panel encompasses a range of germplasm with widely varying flowering times, which may have confounded our attempts to accurately rate disease severity. A Pearson correlation coefficient of −0.223 (P < 0.0001) was observed between days to anthesis and Goss's wilt severity, indicating later flowering lines were more resistant than earlier flowering lines. However, when days to anthesis was included as a covariate in our BLUP calculations, no significant associations were identified in the GWAS.
Genomic Prediction
Genomic prediction was proposed as a selection method for quantitative traits with putatively complex genetic architectures (Meuwissen et al., 2001) , and we tested whether we could accurately predict Goss's wilt phenotypes using the diversity panel dataset despite finding no significant associations. Whole-genome prediction is capable of capturing small-effect loci that fall below the threshold for detecting significant marker effects (Heffner et al., 2009) . Using RR-BLUP, a direct correlation of 0.553 (± 4.4 × 10 −5 ) was obtained for Goss's wilt using the 55K marker set (Table 2 ), translating to a prediction accuracy of 0.69. In comparison, the largest published QTL for Goss's wilt resistance explains <10% of phenotypic variance (Cooper et al., 2018; Schaefer and Bernardo, 2013; Singh et al., 2016) . The lack of significant associations but high prediction accuracy further supports that Goss's wilt resistance is a highly polygenic trait.
Several factors suggest that GS is a preferred option for genetic improvement for Goss's wilt. The genetic architecture of resistance to Goss's wilt is complex, and wholegenome prediction models have shown higher prediction accuracy than MAS approaches (Lorenz et al., 2011) . Additionally, performing precise and high-throughput Goss's wilt inoculations poses a significant challenge in obtaining accurate phenotyping data. The nonmotile nature of the pathogen requires individual wounding and application of inoculum to each plant. Furthermore, senescence of the inoculated leaves can impair disease ratings later in the season. These factors and the high prediction accuracies displayed in our prediction model provide a convincing argument for the use of genomic prediction for breeding for Goss's wilt resistance.
Different maturation rates between temperate and tropical inbreds may have influenced disease severity, biasing our prediction model. To test for this, days to anthesis was included as a covariate in our BLUP calculations, and prediction accuracy was compared between models with and without days to anthesis. Although maturity was significantly associated with Goss's wilt severity, including it as a covariate did not significantly alter our 0.69 prediction accuracy. Therefore, it was excluded from our final results.
Ridge regression best linear unbiased prediction has been shown to function well under reduced marker densities (Habier et al., 2007) . To evaluate the optimal marker density for GS of Goss's wilt, genomic prediction was performed on 100 random samples of 100, 1000, 5000, 10,000, and 25,000 SNPs from the 55K marker set. At 5000 (~10% of total marker dataset) markers, the gain in prediction accuracy due to increased marker coverage begins to lessen (Fig.  4) . At 10,000 (~20% of total dataset) and 25,000 (~50% of total dataset) SNPs, prediction accuracy is no longer significantly different then predictions made using the full 51,471 SNP marker set (Table 2 ). There is a clear point of diminishing returns when increasing marker density for GS no longer provides substantial additional prediction accuracy. This point appears to be between 5000 and 10,000 SNPs. This indicates that exhaustive genotyping is not necessary for genomic prediction of Goss's wilt resistance. These results are consistent with previous studies, which found that for maize lethal necrosis only 1000 of 14,000 (Gowda et al., 2015) and for tar spot complex of maize 1000 of 20,000 (Cao et al., 2017) SNPs were necessary to achieve comparable accuracies to the full SNP analysis. Both of these reports are Fig. 4 . Effect of marker density on predictive ability for 100 iterations of genomic prediction for data obtained from ridge regression best liner unbiased predictions (RR-BLUP) using fivefold cross-validation. Datasets including 10,000; 25,000; and 51,471 markers all achieved comparable prediction accuracies. for marker densities required for diverse maize populations. We expect similar rates of linkage disequilibrium decay in our population, and resistance is primarily quantitative for all three diseases. The bias of our predictions was plotted as a simple linear regression model with PEBV as the response variable and GEBV as the explanatory variable. The results of this fitted model suggest a strong linear relationship between these variables (Fig. 5 ). Values were plotted evenly along the fitted regression line of , with a narrow confidence interval near the middle of the distribution and slightly more variable values near each end (Fig. 4 ). An intercept of zero and a slope of one indicate an unbiased prediction model (Arruda et al., 2015) . The confidence interval of our intercept was [−0.31, 0.35] and the 95% confidence interval for our slope was [0.88, 1.1]. These results indicate that our model was both accurate and unbiased.
Moderate to high prediction accuracies were obtained for Goss's wilt when comparing our results to previous studies. Goss's wilt achieved similar accuracies to northern leaf blight (0.64-0.71), Gibberella ear and stalk rot (0.65-0.70), and tar spot complex (0.55-0.74) (Cao et al., 2017; Riedelsheimer et al., 2013; Technow et al., 2013) . Prediction accuracy for Goss's wilt was higher than southern leaf blight (0.50-0.52), maize lethal necrosis (0.36-0.56), and gray leaf spot (0.22-0.25) (Bian and Holland, 2017; Gowda et al., 2015) . Our results indicate that genomic prediction accuracy is strong for Goss's wilt and may provide a viable approach to identify resistant materials in diverse germplasm and develop resistant materials.
CONCLUSIONS
Genomic selection is an emerging method used by breeders to circumvent long and costly phenotyping and can be effective when other methods of markerassisted breeding fail (Heffner et al., 2010; Meuwissen et al., 2001 ). In addition, GS has merit when dealing with emerging diseases under quarantine or other federal regulation (Poland and Rutkoski, 2016) . In such instances, GS allows for the development of resistant varieties without the potential release of a pathogen to limited geographical ranges. In this study, we were able to achieve a prediction accuracy of 0.69 for Goss's wilt in the Goodman diversity panel. Therefore, given the difficulty of phenotyping, the lack of large-effect QTL for Goss's wilt, and limited geographical range of the pathogen, GS may provide a promising alternative. This is the first report of the application of genomic prediction models to a bacterial disease of maize, and we demonstrate a high prediction accuracy for this highly polygenic trait as evidenced by a high heritability but no significant associations in the GWAS. In conclusion, where GWAS for Goss's wilt proved unsuccessful at identifying targets for MAS, GS has emerged as successful alternative for increasing Goss's wilt resistance in maize.
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